Our study is the first to combine returns based and characteristics based style analysis into a single style analysis model. We use Best Fit Indices to establish the 'investment domains' of our sample managers, along the lines of size and 'style', and then use our multidimensional characteristics based analysis to form style groups within those domains. We illustrate how using a combined BFI-CBS methodology Furthermore, qualitative analysis of our results was consistent with investment practice and academic consideration of style and economic exposure with similar characteristics to the qualitative data presented by Christopherson and Williamson (1995) and Brown and Goetzmann (1997 
out-of-sample forecasting properties of either model on their own. There has been debate in the literature about the relative merits of Returns Based Style (RBSA) analysis and Characteristics Based Style Analysis (CBS) but few of these papers address the issue of whether these methods are contradictory or complementary, preferring to focus on the relative attractiveness of the various methods or any apparent shortcomings. Our study is the first to combine the information into a single style analysis model. The BFI-CBS methodology provides a means of classification of equity investment styles that has academic rigour and is suitable for practical application; with intuitive appeal and empirical support.
Our out of sample tests confirmed two things; membership of style groups formed on the basis of our combined BFI-CBS model explained a significant degree of cross sectional performance of mutual funds and secondly the cumulative effect of combining Best Fit Index and Characteristics Based Style analysis significantly improved on the CBS model and BFI models when reported on their own. The implication being that the ex post explanatory power of the combined model is greater than the individual parts.
Furthermore, qualitative analysis of our results was consistent with investment practice and academic consideration of style and economic exposure with similar characteristics to the qualitative data presented by Christopherson and Williamson (1995) and Brown and Goetzmann (1997) . 
Combining Returns Based and Characteristics Based Style Analysis for US Diversified Equity Funds Introduction
In this paper we combine returns based style analysis, (using a parsimonious Best Fit Index (BFI) methodology) with characteristics based analysis(CBS), (based on principal factor analysis and cluster analysis), to provide a combined BFI-CBS methodology with which to identify the style of US diversified equity mutual funds; we find that our methodology improves on the out of sample forecasting properties of either model on their own.
There has been much debate in the literature about the relative merits of Returns Based Style (RBSA) analysis and Characteristics Based Style Analysis (CBS) as in Coggin and Fabozzi (2003) , and comparisons of the efficiency of the various models employed in style analysis Brown and Goetzmann (1997) and Chan et al (2002) .
The majority of studies seem to come down in favour of CBS analysis where there is any difference in outcome, (see Chan et al (2002) and references therein). Few of these papers address the issue of whether these methods are contradictory or complementary, preferring to focus on the relative attractiveness of the various methods or any apparent shortcomings. Some, such as Dor and Jagannathan (2003) conclude that RBSA may be a useful precursor to CBS analysis whilst Brown and Goetzmann (1997) use portfolio characteristics to check their returns based GSC styles. Surz (2003) suggested how returns based analysis and characteristics based analysis could be used in conjunction with each other; RBSA being utilised to identify the 'Style' component and CBS analysis being utilised to identify the two components of 'Skill'; sector allocation and stock selection. We also note that organisations such as Morningstar which favour CBS style analysis, as evident from Kaplan (2003b) or Rekenthaler et al (2004) , provide a large amount of other portfolio data alongside this style analysis, including a best-fit index based on regression analysis and portfolio returns. Both of these approaches have used returns based and portfolio characteristics based information in conjunction with each other but have not combined the information into a single style analysis model. When comparing benchmarking methods used in academic research and by investment practitioners Chan et al (2009) note that benchmarking measures that use size and value-growth orientation accurately reflect investment styles but that more comprehensive measures of portfolio characteristics do a better job of matching equity managers' value-growth orientation than a simple price book rank.
They also observe that benchmarks which aim to reflect portfolio characteristics perform better than regression based benchmarks. Our BFI-CBS methodology takes note of these observations; we use the Best Fit Indices to establish the 'investment domains' of our sample managers, along the lines of size and 'style', and then use our multidimensional characteristics based analysis to form style groups within those domains.
In Section 2 we show we combine the two methodologies, while in Section 3 we analyse our results in more detail. Section 4 contains out-of-sample robustness checks on our methods; in Section 5 we present a qualitative assessment of our style groups.
Combining BFI and CBS Style Analysis
We use a sample of U.S. Diversified Equity mutual funds which is formed by merging databases of monthly returns and portfolio characteristics supplied by Morningstar for the period [2000] [2001] [2002] [2003] [2004] [2005] . 2 We present a combined Returns Based and Portfolio Based Style analysis model BFI-CBS based on a combination of the Best Fit Index (BFI) returns based model and the principal factors k-means (CBS) model as used by Abarbanell et al. (2003) . By combining the two models we overcome some of the possible pitfalls of the individual models and can undertake more detailed analysis.
The importance of obtaining the right peer group and the right benchmark has been long acknowledged. Prospectus 'Investment Objectives' have proved too vague for detailed style analysis and returns based style analysis such as Sharpe's (1992) RBSA which use this approach only provide the 'average economic exposure' of these loose groupings. We thus feel that identifying a benchmark index brings style analysis closer to requirements of practitioners who often adopt a specific or implicit index benchmark for evaluation purposes. This does however still provide a wide range of funds that may be pursuing very different strategies with style groups thus 2 The detailed portfolio characteristics database was not available before this date s the data was only collected for the new Morningstar classification system introduced in 2002.
formed. As Speidell and Graves (2003) noted it is the different emphasis placed on different growth, valuation and qualitative factors which differentiates funds. We therefore feel that it is useful to add a second layer of analysis to identify this differentiation via portfolio characteristics. Many models have focussed on a narrow range of portfolio characteristics, notably size and price to book ratios. The weaknesses of using price to book as the sole measure of growth-value orientation in style analysis has been noted by many authors such as Brush (2007) but even those studies that favour this approach such as Davis (2001) or Chan et al (2002) concede that Price to Book has not proved to be a method of identifying 'Value' managers and cite the unwillingness of value managers to capture the value premium and we are not aware of any growth managers selecting stocks solely on the basis of a high price to book ratio. We therefore adopt a multifactor model based on portfolio characteristics to differentiate further the style groups and form peer groups yet retain an appropriate index benchmark. Where: = return on fund for month = alpha = return on index for month ; is calculated individually for each of the 27 Russell or S&P indices = error term 3 The selection of a best fit index has some intuitive appeal as fund managers are often benchmarked against a particular index which may be specified in their prospectus or other information they supply to investors. In individual cases where we have investigated whether our estimation has been consistent with the information supplied by the fund manager we have found consistency between our estimate and the information supplied by the fund manager. The placement of the style indices in style boxes is supported by the index correlations noted in Appendix 1. 4 This approach also fits in with the views of market segmentation as identified by Bernstein (1999) , and others, who defined market segments as groups of stocks that performed similarly over more than one economic cycle and claimed that investment practices to exploit these market anomalies could be traced back to the 1930's with Benjamin Graham or T. Rowe Price. In terms of market segmentation practitioners may start their search or classification along the lines of the grid outlined in Table 1 . 4 It should be noted that common stocks are likely to be found within these indices e.g. all of the Russell Top 200 stocks are in the Russell 1000 and are also likely to be in the S&P 500 and given the results illustrated in Chapter 5 it may have been possible to produce a model based only on Russell indices. based on the portfolio characteristics illustrated in Table 3 . Principal factor analysis reduces the number of characteristics to a smaller number of factors reflecting correlation between the variables to produce a smaller number of common factors which explains as much of the variance as possible. In our study three factors are retained; the two dominant factors are a valuation factor and a growth factor. A third, less significant factor, which could be thought of as an emerging company factor was also retained. These factor scores were the inputs for k-means cluster analysis where we formed three clusters within each market segment to provide twenty seven style buckets. The k-means cluster analysis minimises the Euclidean distance between funds and the cluster centroids to form groups of the most similar funds.
Dummy variables were then produced indicating membership of style groups. There is no theoretical reason why each group should contain the same number of funds as in some sorting methodologies; membership is determined by a combination of a historical relationship with a benchmark index and cross-sectional analysis of portfolio characteristics at the time the groups are formed. They are formed on the basis of multi-dimensional similarities rather than univariate sorts.
This combined methodology has thus given us the ability to drill down into 'style' groups and differentiate between them on the basis of portfolio characteristics. We have only chosen three sub-sectors for the sake of simplicity as this already gives us twenty seven style groups a considerable degree of specialisation compared with the typical nine segment style box. It also means that within each 'style group' we have what can be considered a 'core' sub-style and two other categories which have more of extreme growth-value orientation characteristics. If a more detailed breakdown is required, prior to detailed due diligence, it is possible to select a larger number of clusters at the k-means cluster stage. One attraction of this methodology is its flexibility and responsiveness to user needs. If detailed analysis of the large cap growth style for December 2000 funds (which consisted of 79 funds), for example, is required it is possible to use the results illustrated in Table 4 , which gives a breakdown of 'Large Growth 1' 25 funds, 'Large Growth 2' 29 funds and 'Large Growth 1' 25 funds, where the sub groups range from highest growth (LG1) to lowest growth (LG3). If a further breakdown is required the following options are available depending on the purpose of the analysis; it is possible to differentiate the style group further horizontally by selecting a larger number of clusters e.g. five and
analysing the distribution of the 79 large cap growth funds on this basis or if the interest is in one sub-group e.g.
LG1 it is possible to re-run the k-means cluster analysis on this sub group e.g. choosing three clusters which would further differentiate the 25 funds in this sub-group.
Our two stage process followed an approach used by Abarbanell, Bushee and
Ready (2003) in their work on institutional investor preferences and corporate spinoffs. This methodology seemed to provide a means to identify the differentiated products or styles being offered by the mutual fund universe. Their methodology used factor analysis to reduce the number of portfolio characteristics to a small number of principal factors and then used cluster analysis to form groups of the most similar institutions. The k-means cluster analysis method which they used was similar to the methodology used by Brown and Goetzmann (1997) in their work on mutual funds. Our methodology uses principal factor analysis with the factor loadings providing the inputs for our cluster analysis and is similar to that utilized by Abarbanell et al (2003) , Brown and Goetzmann (1997) , Michaud (1998) and Brush (2007) . Our variables, which are asset-weighted portfolio statistics, include static or valuation multiple variables, dynamic or growth variables, and a long-term PEG (Price-Earnings to Growth) ratio which combines both. We chose twelve variables which we felt reflected different combinations of investors' preferences for income, growth and asset backing.
We validated the use of factor analysis using the Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy which confirmed that the portfolio variables used in our study were suitable for factor analysis. The number of factors to retain is determined by the scree test, the level of eigenvalues and the level of variance explained which all suggest that three factors are retained. In our study the two dominant factors are a valuation factor and a growth factor. A third less significant factor, which weighted very heavily on the PEG ratio (Price to Earnings Growth Ratio), emerged after the 'TMT Bubble' distortion abated which could be thought of as an emerging company factor; this was also retained. We believe that it is vital to incorporate measures of growth as well as measures of valuation and size into any analysis of equity investment style.
The factor scores were then used as an input to the cluster analysis, which resulted in twenty seven differentiated BFI-CBS Style groups designated CD1-CD27 in Table   4 which correspond to three sub-groups for each market segment e.g. Large-Cap Growth 1-3.
The method we have utilised is flexible and the number of clusters formed within any market segment can be decided on the basis of style focus and sample size. Over the sample period 2000-2005 large-cap styles account for approximately 50% of funds, whilst mid-cap and small-cap vary between 25%-30% and 20%-25%, respectively.
Analysis of Results
The results in terms of style groups identified by the two stage filtering process are in line with expectations based on our previous discussion above, ranging from groups characterised by growth-orientation, with higher growth rates and higher PE's, through to value-oriented groups with lower PE's and lower growth rates. The first stage of the filtering process matches funds broadly speaking with domains or investment universes which are broadly characterised by the Russell 1000 Growth Index, the Russell 1000 Index and the Russell 1000 Value Index. The second stage forms factors from twelve portfolio characteristics; a summary version of six factors is included in Table 5 The formation of clusters thus takes place on the basis of the factors and not the underlying portfolio characteristics. When analysing the style groups formed on the basis of their portfolio characteristics we discovered some anomalies which the methodology had picked up in terms of style, growth-value orientation and market capitalisation.
6 details for the full period are available on request Typically anomalies occurred in a group which accounted for less than 2% of the sample in the formation period. We explored these anomalies and found that they were being caused by the same groups of funds in most instances; a handful of very small cap funds tracking the S&P 500 bringing the average market capitalisation down for a group of core funds e.g. 2003 Large-Cap Core Group 2 or a small number of very small growth funds tracking the S&P500 Pure Growth Index which had a similar effect on a growth category e.g. 2002 Large-Cap Growth Group 1. In terms of a peer group review or for fund selection it is likely that such funds would be excluded or treated independently from the main classification groups.
After investigating this handful of anomalies we are confident that this two stage filtering process clearly identifies a diverse range of funds reflecting the range of styles in the market, as illustrated in Table 5 . We therefore first need to consider whether these style groups perform in a similar manner out of sample and secondly whether the combination of returns based and a characteristics based style
Out of Sample Testing
Having established a broad spectrum of investment styles on the basis of our BFI-CBS methodology we test whether membership of a style group plays a significant role in explaining ex post performance of mutual funds for the year 2005, using a methodology based on the approach of Brown and Goetzmann (1997) Cross-sectional regression of annual out of sample returns of mutual fund against dummy variables signifying membership of a BFI-CBS style group. Membership of style groups is exhaustive and exclusive. Combined BFI-CBS initially filters funds to nine BFI styles categories using the methodology of Chapter 5. Within each of the nine categories the CBS methodology of Chapter 4 is utilized to generate three sub-categories resulting in twenty seven differentiated styles. Style groups are formed in the basis of 36 months in sample and tested for the subsequent 12 months out of sample.
Where: =fund returns at time , i  =dummy variables 1 to 27 representing membership of style group, i  = sensitivity coefficient for each fund to each style group, = net effect of all other unobservable factors
The ANOVA F statistic which tests the null hypothesis that all slope coefficients are jointly zero is the appropriate test for statistical significance of this regression with dummy variables. High levels of F statistics reject the null hypothesis that membership of style groups did not explain a significant proportion of out of sample returns of mutual funds belonging to designated style groups.
As the comparative results in Table 7 show, the BFI-CBS model which combines returns based and characteristics based style analysis performs better out of sample than any of the other models we have tried. The BFI-CBS recorded a mean r 2 of 0.44; the CBS mean r 2 of 0.38, RBSA mean r 2 of 0.32 and the BFI model mean r 2 of 0.33 for the comparable period. Whilst the BFI result is 0.40 and the RBSA result is 7 Despite returning to the source data we could not find any reason why this should be the case but we also make two observations. We noted that Brown & Goetzmann (1997) had a similar problem within their sample period (1978) (1979) (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) ; 1986 returned an r 2 of only 0.08 compared with a sample mean of 0.30 with relatively low results recorded in the adjacent years of 1985 and 1987. We also looked at the monthly cross-sectional regressions and found the August 2005 and September 2005 had the lowest coefficients of determination and levels of statistical significance of the sixty nine monthly regressions we ran with an r 2 of only 0.03 (F 1.7) for August and 0.08 (F 3.3) for September compared to a mean r 2 of 0.39 across the whole period. (Table 7 .5) and BFI-CBS is the combined returns based and characteristics based analysis described in this chapter ( In order to evaluate the quantitative output of the BFI-CBS model, which is the culmination of our work on characteristics based and returns based style analysis, we need to undertake some qualitative analysis to confirm that our results make sense from the point of view of an investor or plan sponsor. It should be noted that we did not include any of our sector weighting information in our style analysis we held the information back in order to provide an independent qualitative assessment of the results generated by our models. In Table 8 we illustrate the S&P sector weightings of our BFI-CBS Large-Cap fund styles. These styles form a graduated spectrum ranging from growth-oriented to value-oriented. Sector weightings as a percentage of the total portfolio are illustrated, with sectors strongly identified with a growth style and a value style highlighted. The sectors illustrated as being more likely to be found in portfolios pursuing a growth or a value oriented style have been noted many times throughout this study in the context of investment philosophies, benchmarks and the comments of other authors, consultants and the index providers. The style groups we have formed have the economic exposure are consistent with the sector exposure published by Christopherson and Williamson (1997) and Brown and Goetzmann (1997) and others. Thus we find our large-cap growth funds (LG1-
LG3) have relatively more exposure to 'Growth' sectors such as software, IT hardware, media and healthcare. This is entirely consistent with the relatively higher PE multiples and forecast eps growth rates for these groups seen in Table 5 . Our large-cap value funds (LV1-LV3) have relatively more exposure to 'Value' sectors such as financials, utilities and energy. Our 'Market-Oriented' or 'Core' funds have less extreme positions on these sectors although we also note that LC1 has more of a 'growth orientation' with a higher PE and more exposure to the Hardware sector whilst LC3 has more of a 'value orientation' with more exposure to Financials.
Conclusion
When we combined our Best Fit Index methodology and our Characteristics Based Style methodology into a two stage BFI-CBS process for assessing the style of Equity Diversified mutual funds; our results confirm that both the roles of benchmarking and peer group formation were performed in a manner which was superior to either method on its own. The BFI-CBS methodology provides a means of classification of equity investment styles that has academic rigour and is suitable for practical application; with intuitive appeal and empirical support.
It builds on the concept of market segmentation and the constraints which are placed on portfolio managers, as noted by Bernstein (1999) , Vardharaj and Fabozzi (2007) and others. Many studies such as Chan et al (2002) and Rekenthaler et al (2004) concluded that Characteristics Based Style analysis is a more reliable method of style analysis than Sharpe-style Returns Based Style Analysis where the results from these approaches differ. We illustrated in Table 7 that the BFI approach performed better than the RBSA method and that it could be combined effectively with our system based on portfolio holdings to produce out of sample results which are superior to CBS, BFI or RBSA methodologies in terms of explaining the crosssection of fund returns.
Our out of sample tests confirmed two things; membership of style groups formed on the basis of our combined BFI-CBS model explained a significant degree of cross sectional performance of mutual funds in the twelve months subsequent to being allocated to a style group, and secondly the cumulative effect of combining Best Fit Index and Characteristics Based Style analysis significantly improved on the CBS model and BFI models when reported on their own. The implies that the ex post explanatory power of the combined model is greater than the individual parts.
Having found that our empirical results were robust we turned to qualitative analysis of our results, in the manner of Brown and Goetzmann (1997) , where we crossreferenced our style groupings with the funds sector weightings and found this to be consistent with recognized style-biases of a range of investment styles. The results illustrated were consistent with investment practice and academic consideration of style and economic exposure and presented similar characteristics to the qualitative data presented by Christopherson and Williamson (1995) and Brown and Goetzmann (1997) .
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Large-cap growth funds have relatively more exposure to 'Growth' sectors such as software, IT hardware, media and healthcare; consistent with their relatively higher PE multiples and forecast eps growth rates. Large-cap value funds have relatively more exposure to 'Value' sectors such as financials, utilities and energy. We excluded our sector weighting information from our characteristics based analysis in order to provide an independent qualitative assessment of the results generated by our models 11 .
We therefore conclude that our BFI-CBS methodology provides a highly effective method for forming peer groups and identifying the relevant benchmarks for performance evaluation and diversification purposes. Whilst we feel this methodology performs a useful filtering task and narrows down the universe of potential managers to smaller style groups we believe that it should not take the place of detailed 'due diligence' of an investment manager's investment philosophy, investment process and investment performance. We believe it takes one a long way down the road to manager selection but like other authors cited in this study we would urge those selecting investment managers to use all available information. 
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